Objective Common chronic diseases such as hypertension are costly and difficult to manage. Our ultimate goal is to use data from electronic health records to predict the risk and timing of deterioration in hypertension control. Towards this goal, this work predicts the transition points at which hypertension is brought into, as well as pushed out of, control. Method In a cohort of 1294 patients with hypertension enrolled in a chronic disease management program at the Vanderbilt University Medical Center, patients are modeled as an array of features derived from the clinical domain over time, which are distilled into a core set using an information gain criteria regarding their predictive performance. A model for transition point prediction was then computed using a random forest classifier. Results The most predictive features for transitions in hypertension control status included hypertension assessment patterns, comorbid diagnoses, procedures and medication history. The final random forest model achieved a c-statistic of 0.836 (95% CI 0.830 to 0.842) and an accuracy of 0.773 (95% CI 0.766 to 0.780). Conclusions This study achieved accurate prediction of transition points of hypertension control status, an important first step in the long-term goal of developing personalized hypertension management plans.
INTRODUCTION
More than 65 million Americans and over a billion people worldwide have hypertension, 1 2 which is one of the most important modifiable risk factors for cardiovascular disease. 3 4 Consider, for each 20/ 10 mm Hg increment increase in blood pressure (BP), the risk of cardiovascular disease doubles. 5 More rapid achievement of BP control is also critical for reducing morbidity and mortality. 2 5 Much work has been done to compare specific drugs and to find the most effective treatment for hypertension patients. [6] [7] [8] [9] [10] [11] [12] As nearly all patients with hypertension require medication to achieve and maintain controlled BP, [13] [14] [15] we believe that modifications to medication regimens is a promise vector by which such achievement can be accomplished.
However, achieving BP control remains difficult for a number of reasons. The selection of optimal medication regimens varies significantly among patients due to demographic and medical characteristics (eg, salt intake, exercise, obesity), 5 16 17 and even when these characteristics are accounted for, BP can be influenced by multiple metabolic pathways. [17] [18] [19] With respect to the latter, there are more than nine different classes of antihypertensive drugs and more than 100 medications available. Currently, it is not possible to predict which drug class, exact drug, dose, frequency and drug combinations will be required to achieve BP control for each individual patient. 16 20-23 As a result, drug regimens often evolve over time through a trial-and-error process. [24] [25] [26] [27] Predicting changes in hypertension control status is a complicated but important task. 28 A number of studies have attempted to consider simple clinical measures to predict the development of hypertension, although such studies often fail to incorporate other clinical factors that would influence risk. [29] [30] [31] Many have attempted to use predictive analytics to find a combination of indicators that might predict the development of hypertension. 32 33 We are unaware of any studies that predict change in BP control status among patients with diagnosed hypertension, nor are we aware of studies that predict optimal antihypertensive therapy to reduce the time required to achieve BP control. Therefore, as a first step towards addressing this issue, we aim to ascertain whether transitions between in-control and out-of-control hypertension can be predictable and, if so, what makes these groups of patients different.
While addressing this aim, this study makes three primary contributions: 1. We formulate the problem of transition prediction, with a specific focus on hypertension control. We represent the problem as the ascertainment of the likelihood that a patient will transition from his or her current hypertension control status. This includes both a positive transition from out-of-control to in-control and a negative transition from in-control to out-of-control, given available clinical data. We show how both types of transition can be utilized as target labels to build predictive models. 2. We introduce a predictive model for transitions, leveraging a data-driven approach based on all available clinical information. This information includes demographics, diagnoses, medications, and laboratory results. BP varies throughout the course of a 24-h day (it is highest in the evening and lowest in the morning) with additional intrinsic, random variation of between 5 and 15 mm Hg depending on patient characteristics, acute illness, medications, and methods of measurement. 34 Recognizing these issues, we supplement traditional data from electronic health records (EHR) with physician judgment of hypertension control status. Given this knowledge, we devise a feature selection strategy to identify relevant ones from a diverse set of features before building predictive models. 3. We evaluate our approach with a unique dataset that consists of a de-identified cohort of patients in a chronic disease management program. We study a patient cohort from the Vanderbilt MyHealthTeam (MHT) chronic disease care coordination pilot program, in place from 2010 to 2012 (see Background section for further details). The main findings illustrate that the predictive model is relatively effective (a c-statistic of 0.836, 95% CI 0.830 to 0.842, and accuracy of 0.773, 95% CI 0.766 to 0.780) and that certain features (eg, frequency of certain diagnoses and previous status of hypertension control) are correlated with changes in hypertension status. Overall, the predictive model performs best when multiple concepts of features are included, in particular, hypertension assessment patterns and diagnosis information.
BACKGROUND EHR, phenotype heterogeneity, and hypertension control
Integrating and refining the information contained in EHR into specific phenotypes (and subtypes) within formal analytic frameworks are critical to the advancement of methods leveraging EHR for scientific investigation. Thus, when we turn our attention to hypertension, it is important to recognize that there is variability in the definition and manifestation of the disease. Hypertension itself is defined as chronically elevated BP. In the clinic setting, hypertension has been defined as a systolic BP chronically ≥140 mm Hg or diastolic BP chronically ≥90 mm Hg; lower thresholds of 130/80 mm Hg have been set for patients with renal disease and diabetes. 5 Thresholds for BP measured in the patient's home are less well defined, but ≥135/85 mm Hg has been suggested for use. 35 However, there are additional factors that can contribute to elevated BP and, thus, the diagnosis of hypertension and determination of whether BP control has been achieved is left to the discretion of a patient's care provider. General recommendations have been made regarding initial treatment options for antihypertensive therapies, but detailed protocols for personalized medical therapy have not been firmly defined, leading to significant practice variation. 20 
Vanderbilt MHT Program
The MHT program was established as a care coordination system designed to empower a collaborative workforce to improve the health and care for patients with hypertension, heart failure, or diabetes. MHT also provides the patient with tools to engage actively in the management of their care, including a web portal and clinical communication intervals based on disease severity. Starting in 2010, within an academic internal medicine group practice in which all of the physicians participated in the MHT program, patients with hypertension along or in combination with diabetes or heart failure were approached personally or by phone for inclusion in the program. Expansion and enrollment into the program continued after initial development.
Care coordinators met with patients (often via face-to-face after clinical appointments), and each patient with hypertension was counseled individually regarding their high BP, barriers to achieving or maintaining control were identified, and plans were made to address these. Each patient was also given a BP monitor to take home and use after the machine was calibrated and patients demonstrated accurate self-measurement of BP. Self-measurement BP in the dataset provides more frequent BP measurements and may provide a more reliable indicator of control status for certain patients. 36 Patients were encouraged to measure their BP at home and report these values by phone, web-based portal, fax, or mail. The MHT care coordination system, which was based on the local EHR, was designed to prompt care coordinators to contact patients at prespecified intervals based on individual patient risk levels. Based on the evidence provided, physicians determined whether a patient's hypertension was under control or not after each clinical encounter and documented this control status in the EHR.
METHODS
This section begins with an overview of the predictive modeling pipeline and its components. It then introduces the details for each component.
Overview
Predictive modeling pipelines based on EHR have enabled intelligent care delivery 37 and the detection of patient-specific risk factors. 38 For this work, the predictive modeling pipeline consists of three modules, as shown in figure 1: Figure 1 An illustration of the predictive modeling pipeline.
▸ A feature engineering module, which turns clinical data into a feature matrix and a target label vector that is used as training data for building the predictive model. ▸ A prediction module, which takes the training data as input and constructs the candidate predictive models. ▸ An analysis module, which examines the results through evaluation and visualization to characterize the predictive model and compares various candidate models.
Feature engineering module
First, we present how to construct the target label (ie, whether a transition in hypertension status is positive or negative). Second, we define how to generate features. We derive target labels based on clinician assessments of BP control status: in-control versus out-of-control, which we refer to as positive versus negative. For illustration, figure 2 depicts positive and negative assessments of a patient as blue and red circles, respectively. We then iteratively merge all of the consecutive instances of in-control (out-of-control) assessment points into positive (negative) episodes, as illustrated by the blue (red) bands in figure 2. A transition point is then defined as the instance between two consecutive episodes. For example, there are three transition points indicated in figure 2. We use the positive and negative transition points as target labels (ie, dependent variables, or outcome variables) for a prediction model. Given a target label of a patient, we work back from the corresponding transition point for specific time windows to construct features to characterize the patient. We required a transition point to have two consecutive events of the same kind, that is, patient either stayed in control or out of control for two clinical assessments.
Next, we describe how to construct features for a given patient. The raw clinical data are modeled as feature event sequences of the form 〈patient identifier, date, feature identifier, feature value〉. Each feature identifier maps to a particular feature with its name and concept. For example, the International Classification of Diseases, revision 9 (ICD-9) code 401* (hypertension) is a feature within the diagnosis concept. The feature event sequences used in this study are depicted in table 1. Aside from the patient's demographics, all features are longitudinal, allowing each patient to have multiple encounters with the same feature over time. To convert feature event sequences into feature variables, we specify an observation window for each feature concept and then aggregate all the events of the same feature within the observation window into a single value. For example, the average of all systolic BP measurements of a patient within a 1-year observation window could be applied as the aggregation of the systolic BP feature. The observation window is specified before the transition point corresponding to the target label. We then constructed features using the clinical data before the transition point, which were subsequently applied to predict whether the change was positive or negative. The aggregation functions adopted in this study are summarized in table 1.
In addition to these standard clinical features, we derived features based on hypertension control patterns as follows. Let C p be the number of transition points for patient p. Let I p , O p , and M p be indicator variables (ie, 0 or 1), which correspond to p being mostly in control, mostly out of control, or mixed, respectively. These are mutually exclusive labels, such that I p +O p +M p =1. Total controlled (out-of-control) duration corresponds to the sum of the number of days in all positive (negative) episodes. For example, in figure 2 the total controlled duration is computed by summing up the length of two positive episodes (indicated by shaded blue). The total out-of-control duration can be computed as the length of two negative episodes (indicated by shaded red). The mostly in-control indicator I p indicates whether total controlled duration is 1.5 times or more the total out-of-control duration for a patient p. Similarly, O p indicates whether total out-of-control duration is 1.5 times or more the total controlled duration for a patient p. Patients who failed to meet the I p and O p were labeled as M p , which means no predominating BP control pattern. We define the trend T p as the slope of a fitted line against the positive and negative assessment points. Hypertension in-control and out-of-control assessments map to 1 and −1, respectively. To handle special cases, T p =1 and=−1 when all assessments are in control and out of control, respectively.
Prediction module
The prediction module iteratively partitions the set of patients into training and testing cohorts to support a 10-fold crossvalidation process. At this point, a two-level feature selection process is applied. Within the same concept, predictive features are selected according to an information gain criterion. 39 Across concepts, we use a greedy forward selection to ascertain which concepts to retain. More specifically, we measure the prediction performance (c-statistic and accuracy) on those selected features from each concept. Next, we start with the best performing features from a single concept and iteratively combine these with the selected features from the next best concept until the combination fails to improve the prediction performance. Finally, transition point models are learned using various classification techniques, including logistic regression, naive Bayes, 9 and random forests. 40 Note that the only features with missing values are laboratory results, which we impute with the mean before the classification.
Analysis module
The performance metric we use is the c-statistic and accuracy for predicting transitions. The c-statistic is the area under the receiver operating characteristic curve; accuracy is the percentage correct among all predictions. In addition, to understand better the performance of the model, we developed a visualization system to facilitate the exploration of the prediction results and other events. Figure 3 depicts a snapshot of the visualization. Here, each line represents a patient over time and each circle represents a hypertension control assessment. As mentioned earlier, blue and red indicate out-of-control and in-control BP episodes, respectively. This tool enables a drill down on specific patients for further review.
RESULTS

Data description
All data used in this study were collected from Vanderbilt University Medical Center's de-identified EHR repository, the synthetic derivative, which is a completely de-identified, randomly date-shifted version of the EHR. All dates are changed by a random offset per patient. 41 At the time of this study, the MHT cohort consisted of 1294 patients enrolled between 2010 and 2012 who had at least one transition point while in the program. The data analyzed included MHT program-specific measures, such as control status and home BP, and were supplemented by the complete de-identified longitudinal clinical information. Each patient received an average of five hypertension physician assessments across 158 days while in the MHT program. As MHT is a relatively new and ongoing project, the amount of program-specific data on each patient varied significantly depending on the time of enrollment. Based on the definition of a transition point, there are 1564 transitions among the 1294 patients; there are 201 patients with multiple transition points. The evaluation is performed through cross-validation by stratifying on patients to ensure training and testing sets were mutually exclusive with respect to patients. Table 2 illustrates the overall patient characteristics in the data, segmenting Figure 3 An illustration of the visualization tool developed to model temporal assessment patterns with the MyHealthTeam patient cohort.
patients into the mostly in-control and mostly out-of-control phenotypes as described earlier. As shown in table 2, the characteristics of the two groups are similar across demographics, disease condition, laboratory and vital signs, which makes the prediction task difficult. Therefore, we use a data mining approach to inspect many potential features in the predictive model. Aside from care coordinator disease assessments, which are relatively limited, patients exhibit multi-year records on all features.
Observation window size
Different observation window sizes lead to different amounts of clinical data in the model. Figure 4 illustrates the c-statistic as a function of the window size for different types of features. In general, a longer observational window size for all feature concepts results in a higher c-statistic. This may seem counterintuitive because one might expect a medication to have a shorter effect than diagnoses. However, many of the features are sparse, such that larger observation windows allow for more robust documentation on a patient's status.
Predictive performance of feature concepts
We begin by reporting on the predictive performance of each feature concept. This will be followed by a more nuanced analysis of which specific values in these features are the most predictive. Table 3 summarizes the c-statistics and accuracy for the random forests models, with feature concepts alone and in combination. In the experiment, we set the number of trees in the random forests to 100 based on a tradeoff analysis between the Next, we present the predictive features from three different feature concepts: BP control assessment patterns, diagnosis features and procedure features. Table 4 summarizes the feature prevalence in the observation window before a transition point for mostly out-of-control and mostly in-control groups. For BP control assessment patterns, we confirm all five features are predictive, with p values of 10 −3 or less. Of diagnosis features, the ones with smallest p values are hypertension, disorders of lipid metabolism and type 2 diabetes. In general, procedure features tend to reflect the utilization level of the healthcare system. The mostly out-of-control group has relatively higher utilization of the system compared to the BP in-control group, as shown in percentages of current procedural terminology codes in table 4.
DISCUSSION AND CONCLUSIONS
In this paper, we developed a model to predict transition points of BP control for patients with hypertension in a chronic disease management program. Our model leveraged various features available in the EHR and supplied by patients (eg, home BP measurements). The model predicts transition points of BP control at the next clinical encounter with a c-statistic of 0.836 (95% CI 0.830 to 0.842) and accuracy of 0.773 (95% CI 0.766 to 0.780). As a first step towards future work in developing methods to predict optimal, personalized antihypertensive medication regimens, our work indicates that we can successfully detect changes in hypertension control status among patients who are mostly in control or mostly out of control with regard to their hypertension control status. Ideally, we would develop and evaluate a model that predicts when the occurrence of transition points will happen. However, without continuous monitoring of hypertension control status, this is not currently possible. Instead, we study the predictive models to prove there is a detectible difference in the types of transitions, to serve as a foundation for future studies. In addition, we report a set of predictive features that include hypertension control patterns, comorbidity diagnoses, and healthcare utilization. The most predictive features are previous BP control assessments and comorbid conditions.
Challenges in defining hypertension control as a phenotype Figure 5 highlights apparent disparities between clinician assessment of hypertension control and absolute thresholds for hypertension control based on vital sign measurements. It was observed that patients with uncontrolled BP have relatively shorter time windows of observation, and the thresholds for BP control for the tick marks did not account for the comorbid conditions of diabetes or renal failure, while clinician determination of BP control did account for these factors. These factors may contribute to the apparent lack of agreement between BP control assessment and BP values, and may explain why vital signs did not contribute significantly to the final models, although future refinement of the visualization tool may provide additional insight. Earlier work has explored the prevalence of clinician non-adherence to established guidelines, as well as diagnostic and therapeutic inertia. [42] [43] [44] However, a discrepancy between absolute values of BP in clinic and clinician determination of BP control may be warranted; one study found that 25% of patients referred for ambulatory BP monitoring, the gold standard of BP measurement, had adequate BP control and 30% of patients were uncontrolled due to medication nonadherence. 25 In these cases, the apparent discrepancy between BP values and clinician determination of BP control was appropriate.
One of the core challenges of reusing EHR for phenotypespecific investigations is that they are designed to support clinical care and not necessarily basic research. As a consequence, a phenomenon such as 'hypertension,' which can be documented by a very specific billing code (or small set of related codes), fails to characterize the nuance of the phenotype. This is problematic because hypertension is an amalgamation of multiple disease subtypes. [45] [46] [47] Generally, subtypes are not always documented in a standard form and, even when they are, it is not clear that they cover the set of possible subtypes. In recognition of this challenge, research has increasingly been dedicated towards the development of algorithms to derive phenotypes from EHR, 48 with an emphasis on using multimodal strategies 49 (eg, billing codes in combination with laboratory reports and concepts derived from clinical narratives). These strategies have enabled novel research on a wide range of phenotypes, including asthma, 50 cataracts, 51 diabetes, 52 red blood cell traits, 53 and rheumatoid arthritis, 54 55 and potentially broader application of these research methods. Our work shows that use of EHR data can be used to identify changes in hypertension control status, which is a first step in developing optimized medication regimens and developing methods for use in other chronic diseases.
Towards an improved prediction model
We wish to highlight observations that may serve as guideposts for future research. This patient cohort is relatively small (1294 patients with 1564 transition points), with variable longitudinal data as the MHT program was developed and implemented. Small sample size may limit the power to detect predictive features with a weaker signal, although on a positive note the relatively small group of physicians in the MHT program reduces variability in BP measurement, treatment, and follow-up. A long-term challenge is to utilize EHR data, which is intrinsically noisy, and difficult to interpret out of context. Because of these challenges, we recognize that not all features constructed in our models are ideal clinical concepts. For example, the medication features correspond to specific drug names and do not account for variations of the same drug with different names (eg, generic vs brand names). Furthermore, those feature values are the numbers of orders within a time window, which do not yet take into account dosage, number of refills and whether the patients actually filled those orders. Our features should be considered as the first order approximation of those ideal clinical concepts.
In summary, this study indicates that it is possible to predict accurately the types of transitions in hypertension control using EHR data collected for clinical purposes. This study also serves as a first step in developing personalized hypertension medication recommendations.
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